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Abstract 

 
Defining and measuring food insecurity at the household level is critical for policymakers, aid 
agencies, and international organizations. Food insecurity indicators, such as the Food 
Consumption Score, are based on a given recall period, usually 7-days. Still, using other indicators 
or methodologies makes surveys use different recall periods (e.g., 30-days or 12-months). This 
study uses machine learning methods and four waves of the Nigeria Living Standards 
Measurement Study- Integrated Surveys on Agriculture to assess the implications of using 
different recall periods when predicting food insecurity measures. In addition to machine 
learning methods, the novelty of this study is the use of big data and relevant weather data to 
predict the food insecurity status of Nigerian farming families. Our results show that experience-
based food insecurity indicators, measured using a 7-days recall period, have a high predictability 
accuracy (78%-90%). More importantly, we find that predictors computed using a 7-day recall 
period can detect about seven out of ten households considered food-insecure by indicators 
measured using a recall period of 30-days.  
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1. Introduction 
 
Food insecurity in Sub-Saharan Africa (SSA) keeps being a major enduring challenge that the 
region has yet to overcome. Although affordability of healthy diets is the lowest in SSA compared 
to other regions in the world, predictions show SSA will add approximately 2 billion residents by 
2100, calling for scholars, policymakers, and investors for more attention and the development 
of better food security assessments (Vollset et al., 2020). In terms of population, Nigeria is the 
largest country in the SSA region, with 206 million people as of 2020. Before the COVID-19 
pandemic, it was estimated that 39% or about 80 million Nigerians lived below the international 
poverty line, while 65 million Nigerians had consumption levels between $1.90 and $3.20 per 
person per day (World Bank, 2020). These conditions have contributed to the country’s high 
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Global Hunger Index (GHI), low Food Consumption Score (FCS), and high-calorie deficiency 
(Amare et al., 2021).  
 
Disruptions in local markets caused by climate change, lockdown measures, rising 
unemployment, high inflation for essential food items, macroeconomic volatility due to 
dependence on oil, turbulent exchange rate, conflict and political instability, and low agricultural 
productivity are expected to push 10 million additional Nigerians into poverty by 2022. The above 
events eventually would lead to spiking food insecurity among Nigerian households (Amare et 
al., 2021; Amolegbe et al., 2021; Obi et al., 2020; World Bank, 2021). As government and non-
governmental agencies respond to the above challenges and try to reduce food insecurity, there 
is a need to develop tools that help improve relief and development programming (McBride et 
al., 2021). In this context, the effectiveness of interventions designed to address food insecurity 
critically depends on accurate classification of food-insecure households and targeting, as well as 
on mapping, rigorous monitoring and evaluation (M&E), and early warning systems (Hossain et 
al., 2019; McBride et al., 2021).  
 
Improvements in data science methods and the increasing availability of larger volumes of data 
have enabled the production of new tools to estimate current and probable food security-related 
conditions (see, for example, Amin et al., 2021; Hossain et al., 2019; Jean et al., 2016; Lentz et al., 
2019; McBride & Nichols, 2016; Yeh et al., 2020). Notably, recent developments in machine 
learning (ML) have improved household-level classification and prediction accuracy while 
reducing exclusion and inclusion errors in program targeting, thus outperforming conventional 
estimation methods (Hossain et al., 2019; McBride et al., 2021). 
 
Previous machine learning and quantitative assessments of household-level food insecurity have 
focused on the Food Consumption Score FCS (Zhou et al., 2021) based on a 7-day recall period. 
The FCS—developed by the World Food Program (WFP) and recommended by its vulnerability 
analysis and mapping unit VAM— is the most commonly used nutrition-based food security 
indicator. It represents households’ dietary diversity and nutrient intake (WFP, 2008) and helps 
categorize households as having “poor,” “borderline,” or “acceptable” food consumption. 
Nonetheless, the development and application of new methodologies (e.g., The Household 
Hunger Scale HHS, or the FAO’s Food Insecurity Experience Scale FIES) force surveys and 
instruments to use other recall periods (30 days or 12 months). This naturally raises the question 
of whether the use of different recall periods influences the classification and the accuracy of 
prediction of food-insecure households. To shed light on this question, in this study, we apply ML 
methods to examine the implications of using different recall periods when predicting food 
insecurity measures. To achieve this objective, we use the 2010–2011, 2012–13, 2015–16, and 
2018-2019 nationally representative and geo-referenced panel household datasets from the 
Nigeria Living Standards Measurement Study-Integrated Surveys on Agriculture (LSMS-ISA). We 
combine the above datasets with satellite weather data from NASA and the Climate Hazards 
Group InfraRed Precipitation with Station CHIRPS to obtain food security measures and construct 
household-specific socioeconomic, agricultural, and climatic information and search over 
variables and hyperparameters.  
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We investigate (i) Nutrition-Based Measures and (ii) Experience-Based Measures, the two most 
commonly used measures of household food insecurity (Broussard & Tandon, 2016). We examine 
the Food Consumption Score (FCS) in the first category. In the second category, we examine 
Experience-Based indicators that capture the diversity of diets, food shortage, and other aspects 
of food security, including psychological and behavioral manifestations of insecure food access 
(Hossain et al., 2019). These indicators help classify households as food-insecure if they undergo 
certain conditions or behaviors related to insufficient food. These types of indicators are popular 
due to their lower costs of collection (Broussard & Tandon, 2016), their easiness to conduct and 
analyze, and their ease of interpretation and understanding by policymakers (INDDEX 
International Dietary Data Expansion Project, 2022). In this category, we examine households’ 
self-reported indicators about whether they had to (a) rely on less preferred foods, (b) limit the 
variety of food eaten, (c) limit the portion size at mealtimes, and (d) reduce the number of meals 
eaten a day.  
 
Due to the nature of our dataset, we are able to exploit differences in the recall periods used to 
measure experience-based food security indicators. The Food Consumption Score, our nutrition-
based indicator and benchmark, was measured using a recall period of 7 days across all four data 
waves used in our study. Nonetheless, data from 2010–2011, 2012–13, and 2015–16 surveys 
measured experience-based food security indicators using a recall period of 7 days, while data 
from the 2018-2019 surveys measured them using a recall period of 30 days. This change in recall 
periods allows us to examine if predictions of experience-based food security indicators are 
consistent across different recall periods. In other words, it lets us explore the extent to which a 
predictive model developed to capture short-term food insecurity can identify food insecurity in 
longer terms.  
 
To predict food security indicators, we train and validate a battery of different ML models, 
including Boosted Logit (BLogit), Random Forest (RF), eXtreme Gradient Boosting (XGB), and 
Artificial Neural Networks (ANN). We perform our analysis at the household level and compare 
the accuracy of these models when predicting different measures of household food security in 
Nigeria. Our results show that highly accurate selected demographic, agro-ecological, and 
weather variables can help predict Nigeria's food insecurity. With 78%-90% accuracy, our models 
predict experience-based food insecurity indicators that were measured using a 7-day recall 
period. The highest accuracy was found for predicting whether a household must reduce the 
number of meals eaten a day (90%). More importantly, we find that predictors computed using 
a 7-day recall period can detect about seven out of ten households that are considered food-
insecure based on a 30-day recall period. This implies that although a 7-day recall period could 
be considered a very short-term measure, and perhaps not ideal for targeting assistance, its use 
is still helpful in predicting food insecurity for longer-term periods, especially if data with longer 
recall periods is not available or limited.  
 
This study contributes to our understanding of food security in low- and middle-income countries 
in several ways. In particular, households in Nigeria face high levels of food insecurity, 
exacerbated by recent developments and within-country dynamics. In this context, we present a 
set of predictors estimated from evidence drawn from the World Bank’s living standard surveys 
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and satellite weather data. We show they can accurately predict experiential-based food security 
measures. By highlighting predictive power, the results presented here can contribute to 
targeting exercises used by international agencies and policymakers. Correspondingly, survey 
developers and enumerators would likely benefit from our findings, suggesting that a 7-day recall 
period can help to identify many of the same households as a 30-day recall period.  
 
We use different ML methods, and by doing so, we also contribute to the growing literature on 
its use to measure and predict food security. Previous related examples include predicting 
alternatives to calorie-based indicators in Bangladesh (Hossain et al., 2019); analyzing how time-
invariant household characteristics affect the dynamics of shocks and food insecurity in Malawi 
(Knippenberg et al., 2019; Lentz et al., 2019); predicting access to healthful food retailers in the 
United States (Amin et al., 2021); and predicting FCS and the reduced Coping Strategies Index 
(rCSI) at the village level in Malawi, Tanzania, and Uganda (Zhou et al., 2021). With the exception 
of Zhou et al. (2021), which used three waves of data for each of the countries they analyzed, the 
studies mentioned above rely on data from a single year to train their models. In contrast, our 
study uses a dataset comprised of four waves of data spanning the period 2010 – 2019 to train 
and validate a battery of different ML models. Thus, we can better capture food security and 
weather dynamics, and intrinsically account for the effect of several events that could affect food 
insecurity in Nigeria, including presidential elections in 2011 and 2015, major floods during 2012, 
drop in global oil prices in 2014 (Amolegbe et al., 2021), and related terrorist attacks associated 
with Boko Haram. Finally, we offer insights into the implications and limitations of using different 
recall periods when evaluating and predicting experience-based food security measures using 
ML.  
 
The rest of the paper is organized as follows. Section 2 provides key definitions, details of the 
data, and summary statistics. Section 3 discusses the ML methods and approaches. Section 4 
presents the findings of our study, highlights the use of ML methods to infer predictors of food 
security measures of interest, and examines the implications of using different recall periods 
when predicting food insecurity measures. In Section 5, we conclude and discuss the policy 
implications of our findings. 
 
 
 

2. Definitions and Data 
 

We use available data from the Nigeria Living Standards Measurement Study- Integrated Surveys 
on Agriculture (LSMS-ISA) to model food security. This household panel dataset consists of four 
waves 2010–2011, 2012–13, 2015–16, and 2018-2019; it is nationally representative and geo-
referenced and provides information on household and farm characteristics, agricultural 
operations and farm outcomes, and different food security measures. We linked the household 
data with satellite weather data from two sources: (i) the high-resolution satellite temperature 
measures come from the MOD11C1 product by NASA (Wan et al., 2021), and (ii) the Climate 
Hazards Group InfraRed Precipitation with Station CHIRPS (Funk et al., 2015).  We use morning 
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land surface temperature and monthly average rainfall at a resolution of 0.05x0.05 degree bins 
and link the weather information of the bins with the households’ geolocation coordinates.  
 
Currently, there are six geopolitical zones recognized in Nigeria’s constitution and function as 
federating units: North Central, North East, North West, South East, South-South (also known as 
Niger Delta region), and South West. The country has 36 states and 744 local government areas 
(LGA). LGA is the administrative unit below the state level. Our sample covers all geopolitical 
zones and states, with 3,700 unique households and 446 LGAs, for a total of 6,125 household 
observations over the four waves of data. Due to the nature of our data, the number of 
observations for each year is solely based on design, which limits our sample to LSMS-ISA 
observations that: (i) provide GPS measurements of the area of all the farm plots, (ii) provide 
production measurements suitable to be converted into standard weight units for all the crops 
produced by the farm, and (iii) can be linked to daily weather data for at least 15% of the unit’s 
growing season days. As these requirements heavily restricted our sample, we did not enforce 
that households must appear in all data waves. This opened the possibility for many subcases, 
e.g., households can occur in only one wave of the dataset; they can also appear in the first and 
third wave of the dataset but not in the second, and so forth.1 In what follows, most of the 
summary statistics presented will center around the household and/or LGA level. 
 
2.1 Food Security Indicators  
 
According to the Food and Agriculture Organization FAO (1996), food security is defined as “a 
situation that exists when all people, at all times, have physical, social and economic access to 
sufficient, safe and nutritious food that meets their dietary needs and food preferences for an 
active and healthy life”. In this study, we examine two commonly used measures of household 
food insecurity: (i) Nutrition-Based Measures and (ii) Experience-Based Measures.  
 
Experience-based measures included self-reported indicators that capture the diversity of diets, 
food shortage, and other aspects of food security, including psychological and behavioral 
manifestations of insecure food access (Hossain et al., 2019). These indicators consist of binary 
variables (yes=1, no=0) indicating whether households reported they had to (a) rely on less 
preferred foods, (b) limit the variety of food eaten, (c) limit the portion size at mealtimes, and (d) 
reduce the number of meals eaten a day. Data from 2010–2011, 2012–13, and 2015–16 surveys 
measured these indicators using a recall period of 7 days, while data from the 2018-2019 surveys 
measured them using a recall period of 30 days. 
 
The World Bank works in collaboration with the Nigeria’s National Bureau of Statistics (NBS) on 
the design and implementation of the large-scale nationally representative LSMS-ISA surveys. 
According to the World Bank’s team that led the implementation of the surveys, the change in 
recall periods (from 7-days to 30-days) was motivated by the request of the NBS to report 

 
1 For the interested reader, we provide the STATA output of the households' distribution per year in Table A1 of 
the Supplemental Appendix.  
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Sustainable Development Goals 2.1 and 2.2. Among other indicators, these goals2 use the FAO’s 
Food Insecurity Experience Scale (FIES) to report the prevalence of moderate or severe food 
insecurity in the population. FAO’s FIES module recommends using either a 30-day or 12-month 
recall period. Thus, the implementation team decided to use a 30-day recall period in the Nigeria 
Living standards survey 2018-19 for all questions related to food security—with the exception of 
questions used to estimate the Food consumption score, which by design use a 7-day recall 
period (T. Vishwanath, personal communication, March 14, 2022). 
 
Table 1 summarizes the food insecurity measures of our sample, constructed from the four waves 
of the LSMS-ISA surveys. The experience-based indicators show that the proportion of food-
insecure households in our sample increases over time. Except for the indicator “relied on less 
preferred foods”, these measures show a sizeable surge of food insecurity among Nigerian 
households between the 2015–16 surveys and the 2018–19 surveys. However, it is important to 
note that in contrast to the previous three waves, the 2018 surveys measured these indicators 
using a recall period of 30 days. Thus, one possibility is that the sizeable surge in food insecurity 
may be due to the longer recall period used (30 days vs. 7 days), signaling that time horizons 
could play an important role in the classification of food-insecure households. 
 
Figure 1A in the supplemental Appendix presents the mean of the experience-based food security 
measures by year and LGA. The visual assessment shows that the different experience-based 
food security measures are highly correlated for a given year, although not perfectly. However, 
it is important to note that our sample might not be representative at the LGA level due to the 
nature of our data and the restrictions we impose on our design (see above).  
 
Table 1. Food Security Measures: Household Summary Statistics 

Variable Description Statistic Year 
    2010 2012 2015 2018 Pooled 
Relied on less preferred foods (Yes=1, No=0) Mean 0.21 0.26 0.36 0.32 0.28 
  Observations 2014 1428 1178 1217 5837 
Limited the variety of food eaten (Yes=1, No=0) Mean 0.15 0.18 0.27 0.42 0.24 
  Observations 1937 1421 1176 1217 5751 
Limited the portion size (Yes=1, No=0) Mean 0.11 0.11 0.17 0.38 0.18 
  Observations 2023 1436 1193 1217 5869 
Reduced the number of meals eaten a day (Y=1, No=0) Mean 0.09 0.08 0.11 0.24 0.12 
  Observations 2035 1437 1200 1217 5889 
  Mean 55.38 55.59 49.66 55.75 54.32 
Food Consumption Score Median 53.50 55.00 47.50 55.00 53 
  Observations 2145 1489 1267 1217 6118 

Note: Data from the 2018 surveys measured the experience-based indicators using a recall period of 30 days, while 
data from the first three waves measured them using a recall period of 7 days. Food Consumption Score was 
measured using a recall period of 7 days in all four waves. 
 

 
2 Sustainable Development Goal and targets 2.1 states: “By 2030, end hunger and ensure access by all people, in 
particular the poor and people in vulnerable situations, including infants, to safe, nutritious and sufficient food all 
year round.” Sustainable Development Goal 2.2 states: “By 2030, end all forms of malnutrition, including achieving, 
by 2025, the internationally agreed targets on stunting and wasting in children under 5 years of age, and address 
the nutritional needs of adolescent girls, pregnant and lactating women and older persons” (United Nations, 2012). 
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Given that experience-based indicators have been argued to be sensitive to the ordering of 
questions (Headey, 2013), we also estimate and measure household food insecurity using the 
Food Consumption Score (FCS), a nutrition-based measure. FCS is a weighted score that depends 
on dietary diversity, consumption frequency, and relative nutritional importance of different 
food groups during the seven days preceding the survey (WFP, 2008). The FCS assigns larger 
weights to nutritionally denser food groups (INDDEX Project, 2018) and has been more strongly 
associated with caloric intake than simpler dietary diversity measures such as food group count 
(Wiesmann et al., 2009). We calculate the FCS for Nigerian households by using the information 
from the Nigeria LSMS-ISA module about aggregate food consumption that uses a recall period 
of 7 days across all four waves of data. The FCS for a household is given by the following weighted 
score of standard weights and the weekly consumption frequency of different food groups: 
 
!"# = (&'()*+& × 2) + ()0*&+& × 3) + 2+3+'(4*+& + 5607' + (8+('	&57&ℎ) × 4 +

(87*= × 4) + (&03(6 × 0.5) + (A7* × 0.5)       (1) 
 
The average FCS level is 54 across all waves of our date set. However, FCS in our dataset fluctuates 
over time (See table 1) and space in Nigeria. Median FCS values are higher in the 2012–13 and 
2018-2019 waves, with a score of 55. However, the FCS values are lower in the 2015–16 wave, 
with a score of 47.5. The South East zone has the lowest levels of food security with a median 
FCS of 49 across all four waves. The typical FCS thresholds are: Poor, with FCS scores 0-21; 
Borderline, with FCS scores 21.5-35; and Acceptable, with FCS scores >35. Figure 2A in the 
supplemental Appendix presents median FCS values by year and LGA. Table A2 in the 
Supplemental Appendix also reports the mean Food Consumption Score grouped by the 
Experience-based Indicators of Food Security. Results suggest nutrition-based and experience-
based measures of food security are not perfectly correlated. Mean FCS is statistically different 
between food secure and food insecure households only when classified by experience-based 
indicators “Relied on less preferred foods” and “Limited the variety of food eaten”.  
 
 
2.2 Predictors 
 
This study uses a set of predictors available from the Nigeria LSMS-ISA data. Based on the recent 
work of Lentz et al. (2019) and Hossain et al. (2019), these include age, education, and gender of 
household (HH) head; the number of HH members working on their own farm; GPS-measured 
area planted; nutrient availability, nutrient retention capacity, rooting conditions, oxygen 
availability to roots, excess salts, toxicity, and workability characteristics of the farm soil; agro-
ecological zones; labor costs; and agricultural output value. Labor costs are estimated using 2010 
as the base year. The real agricultural output value for each household was measured using a 
Laspeyres index that considers the quantity produced by each crop and baseline local prices. For 
weights, we use the median price of each crop in the six different geopolitical zones of Nigeria in 
2010. 
 
Weather data was collected for the growing season—ranging from March to August when the 
average farmer in our sample plants about 90% of the total cultivated area (Mayorga et al., 2021). 
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Following Aragón et al. (2021), our analysis employs a novel measure of cumulative exposure to 
heat during the growing season: Average Degree Days (ADD). ADD measures the cumulative 
exposure to temperatures between a lower bound, usually 8°C, up to an upper threshold, 40°C 
(Mayorga et al., 2021). We estimated ADD using: 
 

BCC =
!
"∑ (min(ℎ# , 40) − 8)1(ℎ# ≥ 8)	.

"
#$!      (2) 

In equation (2), hd is the average daytime temperature on day d, and n is the total number of 
days in a growing season with available data3. We also use average daily precipitation (rainfall) 
during the growing season as a predictor.  
 
Table 2 summarizes various predictors' means and standard deviations grouped by year. In the 
pooled sample, 90% of farmers are male with an average age of 50 years and an average farm 
area planted of around 1 hectare. The educational attainment of household heads is relatively 
low, with 4.7 years on average. Most households have 2 household members working on the 
farm, and irrigation is practically inexistent, covering only 2% of farmland. This highlights the 
importance of rainfall for agricultural production in Nigeria and, therefore, underscores the 
thread that negative rainfall shocks and droughts represent the country’s food security. 
 
   

 
3 Estimating average degree days instead of total degree days helps to address the issue of missing observations 
due to satellite swath errors (Aragón et al., 2021). 
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Table 2. Predictors: Summary Statistics 
  2010   2012   2015   2018   Pooled 

Variable Mean Std. Dev.   Mean Std. Dev.   Mean Std. Dev.   Mean Std. Dev.   Mean Std. Dev. 

Age of household head (years) 50.41 15.25   49.58 14.26   50.79 13.90   48.58 15.02   49.92 14.71 

Female headed household (female = 1) 0.10 0.30   0.05 0.21   0.09 0.29   0.16 0.37   0.10 0.30 

Educational attainment of household head (years) 4.67 4.86   3.76 3.75   4.99 5.20   5.79 5.25   4.74 4.82 

Area planted (hectares) 0.88 1.41   1.05 1.24   1.03 1.22   1.21 1.51   1.02 1.36 

Irrigated land (% of landholding) 2.49 14.23   1.65 11.46   1.44 10.82   2.87 15.69   2.14 13.28 

Number of household members working on farm 2.48 2.03   2.47 2.12   2.08 1.79   1.80 1.44   2.26 1.92 

Log of Cost of hired labor (2010 USD) 2.37 2.99   3.58 2.81   4.48 2.97   4.14 1.76   3.51 2.86 

Log of Agricultural output value (2010 USD) 6.36 1.52   6.71 1.21   6.67 1.20   6.00 1.71   6.44 1.46 

Average Degree days 24.23 2.92   25.68 2.32   26.31 2.94   23.82 3.29   24.93 3.03 

Average Daily Precipitation (mm/day) 5.24 2.11   4.44 1.27   4.09 1.33   5.32 1.83   4.82 1.80 

Number of LGAs Surveyed 326 -   248 -   245 -   237 -   446 - 
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3. Methods 
 
3.1 Framework 
 
We assume food insecurity indicators (!) are some function (") of demographic (#), agro-
ecological and weather variables ($), and time fixed effects (%).  
 

! = "(#, $, %) 	(3) 
 
where ! represents four binary variables and a continuous variable as a response. The four binary 
variables are the experience-based food security measures that include (a) whether the 
household relied on less preferred food, (b) whether the variety of eaten foods was limited, (c) 
whether the portion size at mealtime was limited, and (d) whether the number of meals eaten in 
a day was reduced. The continuous variable is the experience-based food security measure 
represented by the Food Consumption Score (FCS). For robustness, we try FCS level and log form 
both (Hossain et al., 2019). Although we do not expect substantial outliers in the FCS because the 
higher values are bounded by the score’s construction, shrinking the spread of the response 
variable may generate better prediction due to ML’s strength of predicting the values close to 
the model.  
 
Recall that the experience-based food security measures were measured using a recall period of 
7 days in the earlier three rounds of surveys: 2010-11, 2012-13, and 2015-16. However, they were 
measured using a recall period of 30 days in the 2018-19 surveys (see section 2.1 for details). The 
recall period to measure FCS did not change across surveys. The change in recall period of the 
experience-based food security measures directs us to test a hypothesis: The binary indicators in 
the 2018-19 surveys are consistent with those of the earlier three surveys. That is, the 
predictability of experience-based food security measures that use a recall period of 7 days 
(earlier surveys) is equal to the predictability of food security measures that use a recall period 
of 30 days (2018-19 surveys). For a benchmark, we also compare FCS predictability in 2018-19 
instead of its predictability in earlier rounds. Ideally, they should be the same because the recall 
period to measure FCS never changed.  
 
To summarize, our task is to (i) use #, $, and % to predict the binary responses out-of-sample 
using the three earlier rounds of data only, (ii) check the prediction performance, (iii) use the 
same model to predict the binary variables for 2018-19, and then (iv) compare these predictions 
with the actual binary measures of food insecurity in 2018-19. We do the same for FCS and 
compare the two. 
 
To do this, we take a machine learning (ML) approach because ML models have been shown to 
have a superior out-of-sample predictive capacity (e.g., Bajari et al., 2015). These models are 
data-driven, reducing the dependency on researchers’ prior regarding the functional form. They  
are also more flexible since the parameters are optimally chosen via a grid search. The ML 
approach is more appropriate for our case since the exact functional relationship between food 
insecurity and its predictors is unknown. 
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The “learning” part of ML is generally characterized by tuning the hyperparameters based on the 
error rates in repeated subsamples. The combined first three waves of data (2010-2016) are 
divided in training (80%) and testing (20%) samples. The training sample is used to train the model 
with ten-fold cross-validation. This means the training sample is randomly partitioned into ten 
equal-sized subsamples, of which nine are used to train the model, and the remaining one is used 
for validation. The process is repeated ten times—one for each partition—and hyperparameters 
are updated to reduce the prediction errors in validation. The learning completes when 
hyperparameters are optimal. Finally, the trained model is tested on the held-out 20% testing 
sample. The tuning range of hyperparameters is placed in table A3 of the supplemental Appendix. 
 
3.2 Models 
 
We use (1) Ordinary Least Squares (OLS), (2) Boosted Logit (BLogit), (3) Random Forest (RF), (4) 
eXtreme Gradient Boosting (XGB), and (5) Artificial Neural Networks. OLS, RF, XGB, and ANN are 
used to predict the continuous response variable (FCS), whereas Boosted Logit, RF, XGB, and ANN 
are used to predict binary responses (experience-based measures). RF and XGB are in regression 
form for the former but in classification format for the latter. These models are chosen for their 
superior predictive capacity than other models, e.g., the tree model or support vector machine 
(e.g., Chen & Guestrin, 2016). We present a non-technical description of the models below. OLS 
in this study does not differ from the conventional OLS. The function " above is assumed linear 
in parameters and coefficient estimates are obtained using least squares. The estimates are then 
used to predict out-of-sample cases. BLogit differs from the conventional logit regression 
because coefficient estimates from BLogit are iteratively fine-tuned during cross-validation.  
 
RF and XGB are ensemble tree-based models. In ML, decision trees select a regressor and split 
the sample into two parts, and the part resulting in the lowest error in predicting the response 
variable is selected. The procedure is repeated for all regressors until no further split is possible 
(Quinlan, 1993). However, tree models without pruning and randomization may overfit the data 
and produce weak predictions if the trees are correlated (Hastie et al., 2009). Random Forest 
overcomes this by growing a large number of decision trees at training time with repeated 
subsampling and randomly chosen predictors. Each resampled part of the training data is used 
independently to de-correlate the trees4. The overall prediction is generated by averaging the 
predictions from all trees in regression tasks and through majority voting in classification tasks. 
 
The eXtreme Gradient Boost (XGBoost) algorithm, on the other hand, also utilizes a set of 
decision trees. Still, each new tree adjusts the weights on predictors that are calculated using the 
errors from fitting the previous tree. The “extreme” part of its name comes from improving 
traditional gradient boosting via parallel processing and regularization to avoid overfitting and 
bias (Chen & Guestrin, 2016).5  
 

 
4 See Biau & Scornet (2016) for a technical discussion. 
5 Badruddoza et al. (2021) presents a simplified discussion on XGBoost. 
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Artificial Neural Networks (ANN) do not use a tree-based framework, instead, they mimic the 
behavior of the human brain, where the neurons are interconnected and learn from experience. 
ANN assigns weights to the predictors and calculates the errors in predicting the response 
variable. Thus, linear and logistic regression are two special cases of straightforward ANN with 
input and output layers but no hidden layers. When a hidden layer is added, predictors are 
initially weighted randomly, and the nodes in the hidden layer are predicted with an activation 
function. The function is often linear for regression and sigmoidal for classification tasks. The 
output layer is predicted using the hidden layer with the same function. The prediction errors are 
minimized by iteration, for instance, via forward feeding or backpropagation, and the weights on 
predictors are adjusted in each iteration. A more complex ANN adds more hidden layers. A 
technical description is presented by Herbrich et al. (1999). 
 
ML models are not beyond issues. First, highly correlated predictors may complicate the relative 
importance of predictors. Most predictors in our analysis are binary and their correlations do not 
go near perfect (about 67% on average). Based on the literature and interpretability, we omit the 
predictors that are correlated with other predictors beyond 95%. Second, fewer target cases 
(food insecure households) than benchmark cases may cause class imbalance problems in 
machine learning. We use an Adaptive Synthetic Sampling Approach (He et al., 2008) to randomly 
oversample target cases and balance the representation of target and benchmark class. Third, 
some continuous predictors may appear more important than others if they are not 
standardized. We standardized all continuous predictors in the model. Finally, ML models do not 
produce a clear interpretation of predictor weights. Importance factors for a predictor are 
calculated by gauging the jump in prediction errors with versus without the predictor. Still, the 
calculation is vulnerable to the order of entry and combination of predictors.  
 
To overcome this shortcoming, we use Shapley values (SHAP) to calculate the relative 
contribution of each regressor to the dependent variable (Lundberg et al., 2019; Lundberg & Lee, 
2017; Shapley, 1953). SHAP values are the weighted sum of the prediction gaps with and without 
predictors, where the weight is generated from all possible combinations of predictors with 
ordering. Each observation gets a SHAP value, so the SHAP matrix brings the same dimension as 
the predictor matrix. The sum of all SHAP values across columns equals the variation beyond the 
overall mean of the predicted variable for each observation. We multiply SHAP values with the 
sign of the correlation coefficient of SHAP and a predictor to obtain the direction of the 
association. Thus, greater SHAP values indicate the greater relative importance of the predictor 
and vice versa. 
 
 
 
 
3.3 Performance evaluations 
 
We follow Amin et al. (2021) to evaluate the performance of ML models. We use accuracy, 
sensitivity, specificity, and Cohen’s Kappa for binary target variables and normalized root mean 
squared error (NRMSE) and mean absolute error (MAE) for continuous response variables.  
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Let a 2×2 confusion matrix has elements -!"#,%"&'() with predicted conditions !. = {1,0} on 
rows and observed conditions ! = {1,0} on columns. The statistics above are: 
 

Accuracy =
a** + a++

a** + a*+ + a+* + a++
	 	(4) 

 

Sensitivity =
a**

a** + a*+
	 (5) 

 

Specificity =
a++

a+* + a++
	 (6) 

 
where accuracy is the ratio of the number of correct predictions over total predictions. Sensitivity 
is the probability of detecting a food-insecure household given that the household is actually 
food insecure (also called true positive rate or TPR). Specificity is the probability of detecting a 
food secure household given that the household is food secure (also called true negative rate or 
TNR). However, to eliminate the probability of detection that happened by chance from accuracy, 
we calculate Cohen’s kappa (Cohen, 1960): 
 

κ = 1 −
1 − Accuracy

1 − EP 	 	(7) 

 

EP =
(a** + a*+)(a** + a+*) + (a+* + a++)(a*+ + a++)

(a** + a*+ + a+* + a++)+
	 	(8) 

 
where, EP stands for Expected Probability, i.e., the probability of random agreement between 
the observed and predicted value of the response. The L statistic becomes zero if there is no 
agreement other than what would be expected randomly. 
 
The remaining two statistics, NRMSE and MAE, represent the gap between the observed and 
predicted response variable. Greater values of them stand for poorer model fit. 
 

NRMSE	(%) = 100 ×
Q∑ (y, − y.,)+

N
-
, 		

sd(y,)
	 	(9) 

 

MAE =
∑ |y, − y.,|-
,
N 	 	(10) 

 
To summarize, our approach is to exploit a change in the recall period from 7 days to 30 days for 
experience-based food security measures in the fourth round of a four-round quasi-panel data 
set. Although one might point out that the results of the prediction will vary from year to year 
due to time-varying factors not captured in the data, this is exactly what justifies the use of ML 
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to construct a predictive model and not to look for a causal relationship. Moreover, we keep the 
functional form of our ML models flexible and data driven. Thus, time-specific shocks are 
accounted for in the error of prediction. 
 

4. Results 
 
We begin with FCS prediction results. First, we omit 2018-19 data and use only the earlier three 
rounds (2010-16) to train and test the models. Panel A of Table 3 shows performance statistics 
for two continuous forms of FCS. The model performances are quite similar between the 
validation and testing stage—indicating the robustness in training the models. The performance 
in the testing sample is, not surprisingly, a little off than the validation phase. ML models, 
especially XGB and RF, outperform OLS based on NRMSE and MAE. ANN did not capture many 
variations in the continuous responses.  
 
Next, we use the earlier (2010-16) survey rounds to train the models and predict FCS in the 2018-
19 survey. Panel B of Table 3 shows the performance statistics of models under this exercise. 
Comparing the results of Panel B with Panel A, we see the error of prediction increases for OLS 
more than that of ML. ML models perform almost consistently, with XGB outperforming others. 
Thus, we find that the same demographic, agro-ecological, and weather variables can predict FCS 
in the earlier surveys (2010-2016) and in the 2018-19 surveys in a similar manner.  
 
We repeat generating statistics in Table 3 a thousand times, with newly trained models each 
time, and conduct a paired t-test between panels A and B statistics to confirm the consistency. 
The p-value from the t-statistic is 0.11. Hence, we fail to reject the null of the differences in 
NRMSE and MAE being zero. Intuitively, the definition of FCS remains consistent because it uses 
the same recall period (7-days) across all waves of data. In addition, the predictors presented 
here constitute important long-term features of food security and consumption in Nigeria. 
 
 
 
 
 
 
 
Table 3. Predicting the Food Consumption Scores (FCS) 

Panel A: Predicting FCS Using 2010-11, 2012-13, and 2015-16 Surveys Only 

Continuous 
Response 

Model Model Validation 
(80% training sample)   Model Testing  

(on 20% held-out- sample) 
  NRMSE MAE   NRMSE MAE 

1. FCS 

OLS 63.219 16.475   63.677 16.759 
RF 35.109 15.039   35.291 15.341 

XGB 25.727 15.069   26.228 15.621 
ANN 48.865 16.978   47.757 16.612 

2. Log of 
FCS 

OLS 26.954 0.339   25.153 0.328 
RF 9.993 0.308   9.398 0.305 
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XGB 18.666 0.312   17.354 0.305 
ANN 31.857 0.332   31.643 0.333 

Panel B: Predicting FCS of 2018-19 Using Earlier Survey Rounds 

Continuous 
Response 

Model Model Validation 
(2010-16 survey rounds)   Model Testing  

(on 2018-19 data as held-out-sample) 
  NRMSE MAE   NRMSE MAE 

1. FCS 

OLS 90.965 16.913   92.585 17.094 
RF 33.193 15.031   35.086 16.039 

XGB 28.287 15.075   31.015 16.795 
ANN 46.690 17.043   47.709 17.238 

2. Log of 
FCS 

OLS 23.316 0.342   23.198 0.338 
RF 17.745 0.306   19.356 0.339 

XGB 13.410 0.310   14.626 0.343 
ANN 41.201 0.340   42.700 0.346 

Note: Smaller values of NRMSE and MAE are considered as better. For results in Panel A, data from 
three earlier surveys (2010-16) were randomly split into training (80%) and testing (20%). For Panel B, 
data from three earlier surveys (2010-16) were used as the training sample, and 2018-19 survey round 
was used as the test sample.   
 
We choose XGB to calculate SHAP values and extract the most important features of FCS. Figure 
1 presents the top predictors of FCS ranked by the absolute values of respective SHAP. The length 
of the bars in the figure indicates the relative importance of the predictor in predicting FCS. A bar 
to the left of the vertical axis means a negative association, whereas a bar to the right means 
positive. Nevertheless, it is essential to note that they do not represent a causal relationship. Two 
major variables appear to have a strong negative relationship with FCS: Average Degree Days and 
Average Daily Precipitation. We do not have enough information to interpret this result but since 
the predictors are standardized, it is possible that heat and flood might have affected food 
security of multiple regions during the sampled years. The variable year gets a negative SHAP 
value that could be attributed to the drop in FCS in the 2015-16 surveys. However, agricultural 
output value, education and age of household heads, planted area, availability of nutrients in the 
soil, and household off-farm labor have a positive association with FCS. 
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Figure 1. Finding the Predictors of Food Consumption Score 

 
Our evidence suggests that FCS (the nutrition-based measure) can be predicted at the same rate 
using demographic, agro-ecological, and weather variables. If this is true, then the binary 
responses of food insecurity (the experienced-based measures) should exhibit a similar 
consistency across years. Indeed, we are interested in knowing if the change in the recall period 
used to measure the binary indicators of food security in the 2018-19 surveys (30 days) influences 
the predictability of food security at the household level. Table 4 presents the results. These 
results were appropriately obtained using a class-balanced sample. Results from the unbalanced 
sample are placed in the Appendix for interested readers.  
 
Panel A of Table 4 shows the out-of-sample predictive accuracy is about 78% for less preferred 
meals, 81% for limited variety, 89% for limited portions, and 90% for reducing the number of 
meals. This is intuitive because low variation outcomes (as evident from Figure 1A) are more 
easily predicted than high variation outcomes. Once again, validation and testing results are 
similar, which indicates a robust training of the models—especially for ANN. Kappa statistics are 
around 0.30 for most models indicating good predictive power for a social science study. 
Sensitivity at around 90% indicates a food-insecure household is highly likely to be correctly 
detected (TPR) by the predictors used. Specificity is about 40% for most cases (TNR). However, 
this is not a big concern for three reasons. First, we have already balanced each model's target 
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and benchmark class. Second, there is an inverse relationship between sensitivity and specificity. 
Finally, we consider an accurate detection of food-insecure households more important than 
mistakenly identifying some food secure households as food insecure. Note that ANN 
performances are more robust in terms of sensitivity and specificity and indicate about 75% of 
predictability of demographic, agro-ecological, and weather variables. 
 
The trained models (using only the first three waves iof data) were then utilized to predict the 
experience-based food insecurity measures for the 2018-19 surveys. Subsequently, these 
predictions were matched with the actual observed measures to generate estimates of accuracy. 
Panel B of Table 4 shows the prediction results for the 2018-19 surveys. On average, testing 
accuracy drops from 82% to 67%, and kappa drops from 0.33 to 0.12. In other words, the 
predictors trained and validated using a 7-day recall period can predict about 82% of food-
insecure cases that were measured using the same recall period (7-days). However, these 
predictors can predict only around 67% of food-insecure cases measured using a different recall 
period (30-days). To confirm their similarity, we regenerated statistics of Table 4 a thousand 
times, with a newly trained model each time, and conducted a paired t-test with no difference in 
accuracy as the null hypothesis. The null is rejected at the 1% level of significance—indicating a 
clear drop in the predictive power of these variables. Sensitivity slightly increases from 0.88 to 
0.93 on average (fail to reject the null of equality at p=0.02), whereas specificity significantly 
drops from 0.46 to 0.17 (p<0.01).  
 
To summarize, using predictors that were estimated using a 7-day recall period, we correctly 
detected the food security status of eight out of ten households in the earlier surveys (that used 
a 7-day recall period). However, when using the same predictors, we correctly detected the food 
security status of about seven out of ten households in the 2018-19 surveys (that used a recall 
period of 30 days). Moreover, given a household is food insecure based on a recall period of 30 
days, predictions constructed using a 7-day recall period detect them slightly better (mean 
sensitivity is 0.93). In reverse, given the household is food-secure based on a recall period of 30 
days, predictions constructed using a 7-day recall period do not detect them very well and they 
are wrongly identified as food-insecure (mean specificity is 0.17). This signals that the recall 
period of 30 days works better at weeding out food secure households from the picture, 
highlighting the importance of recall periods when measuring food insecurity among households.  
 
Finally, we find a heterogeneous association between regressors and experience-based food 
security measures. Among these indicators, having fewer meals (reduced meals) is predicted 
better in both cases, Panel A and B, on Table 4. Kappa statistics show good predictive power for 
this indicator when the recall period is consistent (Panel A) and a moderate predictive power 
under a changed recall period, primarily when BLogit is used (Panel B). In terms of prediction 
accuracy, Limiting portions (85%), Limiting variety (79%), and Relying on less preferred foods 
(77%) follow when the recall period is consistent. Intuitively, the selected demographic, agro-
ecological, and weather variables predict experience-based food security measures well, with 
remarkable high accuracy when it comes to predicting food insecurity related to meal reduction 
status (90%). Thus, one can use the model presented in this paper to predict which household 
may reduce the number of meals a year early with its demographics and regional features. 
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Table 4. Predicting experience based (binary) measures of food insecurity  

Panel A: Predicting Experience-Based Measures Using 2010-11, 2012-13, and 2015-16 Surveys Only 

Binary 
Response 

Model 
Model Validation 

(80% training 
sample) 

  
Model Testing  

(on 20% as held-out  
sample) 

  Accuracy Kappa   Accuracy Accuracy SD Kappa Kappa SD Sensitivity Specificity 

Less 
Preferred 

BLogit 0.903 0.806   0.778 0.012 0.420 0.024 0.851 0.568 
RF 0.908 0.816   0.772 0.015 0.385 0.030 0.865 0.507 
XGB 0.907 0.814   0.778 0.018 0.396 0.036 0.873 0.507 
ANN 0.765 0.529   0.748 0.011 0.424 0.022 0.757 0.725 

Limit 
Variety 

BLogit 0.935 0.871   0.803 0.015 0.319 0.029 0.892 0.413 
RF 0.948 0.896   0.814 0.011 0.343 0.023 0.904 0.419 
XGB 0.945 0.889   0.814 0.013 0.340 0.026 0.905 0.413 
ANN 0.774 0.549   0.728 0.007 0.318 0.015 0.739 0.681 

Limit 
Portion 

BLogit 0.966 0.931   0.875 0.008 0.377 0.017 0.935 0.429 
RF 0.975 0.949   0.887 0.006 0.401 0.012 0.951 0.410 
XGB 0.971 0.942   0.886 0.007 0.397 0.015 0.950 0.410 
ANN 0.805 0.609   0.756 0.009 0.296 0.019 0.759 0.733 

Reduce 
Meals 

BLogit 0.976 0.951   0.904 0.010 0.247 0.020 0.967 0.234 
RF 0.983 0.967   0.914 0.006 0.256 0.012 0.980 0.208 
XGB 0.981 0.961   0.901 0.007 0.182 0.014 0.971 0.169 
ANN 0.813 0.627   0.756 0.008 0.211 0.016 0.766 0.649 

Panel B: Predicting Experience-Based Measures of 2018-19 Using Earlier Survey Rounds 

Binary 
Response 

Model 
Model Validation 
(2010-16 survey 

rounds) 
  

Model Testing  
(on 2018-19 data as held-out 

sample) 
  Accuracy Kappa   Accuracy Accuracy SD Kappa Kappa SD Sensitivity Specificity 

Less 
Preferred 

BLogit 0.903 0.806   0.689 0.011 0.205 0.022 0.863 0.321 
RF 0.912 0.824   0.673 0.012 0.175 0.024 0.839 0.321 
XGB 0.910 0.820   0.675 0.009 0.172 0.018 0.848 0.308 
ANN 0.771 0.543   0.651 0.008 0.093 0.017 0.846 0.236 

Limit 
Variety 

BLogit 0.935 0.869   0.638 0.009 0.181 0.018 0.932 0.232 
RF 0.948 0.895   0.625 0.007 0.151 0.013 0.926 0.211 
XGB 0.949 0.899   0.620 0.008 0.134 0.017 0.940 0.180 
ANN 0.777 0.554   0.586 0.008 0.035 0.016 0.959 0.072 

Limit 
Portion 

BLogit 0.965 0.931   0.661 0.009 0.145 0.017 0.961 0.162 
RF 0.974 0.949   0.643 0.004 0.076 0.008 0.978 0.085 
XGB 0.970 0.941   0.634 0.006 0.059 0.011 0.966 0.083 
ANN 0.811 0.622   0.640 0.005 0.073 0.010 0.971 0.090 

Reduce 
Meals 

BLogit 0.974 0.947   0.763 0.004 0.155 0.008 0.946 0.174 
RF 0.984 0.968   0.773 0.003 0.116 0.007 0.982 0.101 
XGB 0.979 0.959   0.763 0.005 0.073 0.011 0.975 0.076 
ANN 0.818 0.636   0.765 0.008 0.125 0.017 0.961 0.132 

Note: Higher values of Accuracy and Kappa are considered as better. For results in Panel A, data from three earlier 

surveys (2010-16) were randomly split into training (80%) and testing (20%). For Panel B, data from three earlier 

surveys (2010-16) were used as the training sample, and 2018-19 survey round was used as the test sample. 

 
4.1 Robustness Test 
 
This section repeats the prediction exercise for each year separately, i.e., we train and test the 
ML models using data for each single year. While we admit that the predictions may not be as 
precise as we had before due to smaller data volume, this exercise helps us compare prediction 
accuracies of binary (experience-based) and continuous (nutrition-based) responses. If FCS is 
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predicted in the 2018-19 round as accurately as it was in earlier rounds, but binary responses are 
not, then this discrepancy signals the importance of the change in recall periods. 
 
Figures 2 and 3 plot the prediction performance for both response types. Figure 2 presents the 
mean absolute errors and root-mean-squared errors of predicting FCS—the continuous 
response. In contrast, Figure 3 shows the accuracy of the four binary responses (1) less preferred, 
(2) limit portion, (3) limit variety, and (4) reduce meals. Results show prediction errors remained 
relatively consistent over the different years for FCS. However, prediction accuracies changed for 
binary responses. For example, three of the responses: “limit portion”, “limit variety”, and 
“reduce meals,” were predicted with less accuracy by the same predictors in 2018, as opposed 
to other years. However, “less preferred” was predicted with a similar level of accuracy. One can 
argue that the drop in accuracy in the last round may just be the continuation of the earlier 
downward trend for the three responses. However, it is important to note that FCS was predicted 
using the same samples, and its prediction error rate did not increase. Overall, individual yearly 
prediction accuracies for binary responses revolve around 75% when using single-year datasets. 
 

 
Figure 2. Out-of-sample prediction errors for continuous Food Consumption Scores (FCS). 

Note: This figure shows out-of-sample prediction errors of different machine learning models on 20% held-out 
sample. MAE=mean absolute errors and RMSE=root mean squared errors. The lower the errors, the better the 
model performance.  
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Figure 3. Out-of-sample prediction accuracy for binary responses. 

Note: This figure shows the prediction accuracies of different machine learning models on 20% held-out 
sample. The higher the accuracy, the better the model performance. Less preferred=household relied on less 
preferred foods, Limit portion=household limited meal portions, Limit variety=had fewer variety of food, and 
Reduce meals=household had to reduce number of meals. 
 

5. Discussion and Policy implications  
 
As efforts to reduce food insecurity continue, there is a need to keep improving household-level 
classification and prediction accuracy. In this context, research demand greater availability of 
data, which commonly presents different recall periods to measure food security. This paper 
studied the implications of using different recall periods when predicting food insecurity 
measures. In combination with Machine Learning methods, we use readily available data from 
multiple surveys in Nigeria to forecast nutrition-based and experienced-based food security 
measures at the household level. The various surveys used for our analysis are particular in that 
they let us test the implications of using different recall periods when assessing food insecurity. 
The unique nature of the data also offers us insights into Nigeria’s food security developments, 
with more households becoming food insecure over time rather than improving their situation—
at least according to our sample of experience-based measures (See table 1).  
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We are interested in examining how different recall periods influence the accuracy of prediction 
of food security measures in Nigeria, Africa’s most populous country. Specifically,  we explore 
how available data can inform policies and help local government and international agencies fight 
against food insecurity in the country. Our model results demonstrate that selected 
demographic, agro-ecological, and weather variables can help predict food insecurity in Nigeria 
with high accuracy. Our work is consistent with other ML models predicting food insecurity in 
sub-Saharan countries, including Tanzania and Uganda (e.g., Zhou et al., 2021). Moreover, we 
show that using ML models that have been trained and validated with a 7-day recall period, one 
can obtain several inferences. These include detecting (i) about eight out of ten households that 
are food insecure based on the same recall period (7-days), and (ii) about seven out of ten 
households that are food insecure according to a 30-day recall period. The implied mechanism in 
the framework is that a 30-day recall period works better at weeding out food secure households 
from the picture, mainly when we based our assessment on experience-based measures of food 
security. This signals the importance of recall periods for accurate classification of households 
and reducing exclusion and inclusion errors in program targeting.  
 
We find that our models (trained and validated with a 7-day recall period) have a higher true 
positive rate when detecting a 30-day-recall-period food-insecure household than when 
detecting a 7-day-recall-period food-insecure household (sensitivity of 0.93 vs. 0.88). These same 
models have a lower true negative rate when detecting a 30-day-recall-period food-secure 
household than when detecting a 7-day-recall-period food-secure household (specificity of 0.17 
vs. 0.47). However, from a food security perspective, failing to identify households as food secure 
is better than misclassifying a household as food secure. Thus, our model simplifies the use of 
oversampling and weighting techniques needed to correct these issues. As suggested by Zhou et 
al. (2021), further data on the costs of misclassification can help clarify which approaches should 
be pursued.  
 
Our findings imply that longer or more extended recall periods are relatively consistent with 
shorter recall periods when measuring food security. The food-insecure households based on a 
7-day recall period are also food-insecure based on a 30-day recall period. However, the new 
recall period used by the LSMS-ISA surveys in Nigeria (30-days) works better at omitting food 
secure households that were mistakenly thought as food insecure under the previous recall 
period (7-days). In this context, it is essential to highlight that recall periods do play a role when 
performing food-security-prediction exercises. Therefore, researchers using survey instruments 
with inconsistent recall periods may underpredict or overpredict overall food insecurity. 
However, the results presented here constitute prima facie of how shortcomings or 
inconsistencies in survey development and measurement can be overcome and contribute to 
policy development and implementation. 
 
The second implication of our study is that through the feature extraction exercise presented 
here, it is possible to generate some long-term features of the food consumption score FCS that 
can help inform policies and interventions. These features are long-term because they can 
reasonably predict future out-of-sample FCS. Another implication is that ML models can predict 
food-insecure households with high accuracy, especially when the recall period used is 
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consistent. As experience-based measures are becoming more popular among both policymakers 
and researchers due to their lower costs of collection (Broussard & Tandon, 2016), agencies can 
use demographics, agro-ecological, and weather variables to forecast in advance the number of 
households that will report being forced to (i) reduce the number of meals, (ii) rely on less 
preferred food, (iii) limit the size of portions, or (iv) limit the variety of foods.  
 
We cannot rule out that although we use surveys from multiple years and include many 
predictors relevant to food insecurity, our models might not account for structural changes 
influencing food security. The effect of COVID-19, new pests and diseases, and other factors could 
invalidate our model for future predictions. Nonetheless, combined with regular data collection 
and information on new production risks, ML methods can help overcome food insecurity in Sub-
Saharan Africa. Future research can complement our findings by examining the implications of 
different recall periods on nutrition-based measures of food insecurity.  
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Supplemental Appendix 
 
 
Table A1. STATA output of the households' distribution in our dataset by year. 
 

  Freq. Percent Cum. Pattern* 
  923 24.95 24.95 ....1 
  753 20.35 45.3 1.... 
  525 14.19 59.49 111.. 
  441 11.92 71.41 11... 
  203 5.49 76.89 1.1.. 
  196 5.3 82.19 ..1.. 
  190 5.14 87.32 .11.. 
  175 4.73 92.05 .1... 
  81 2.19 94.24 1...1 
  213 5.76 100 (other patterns) 
Total 3700 100   XXX.X 

 
Table A2. Mean Food Consumption Score by Experience-based Indicators of Food Security 
(Pooled Sample) 
Experience-based Indicator No=0 Yes=1 P-Vaule 

Relied on less preferred foods 54.81 53.30 0.02 
Limited the variety of food eaten 54.75 53.47 0.08 
Limited the portion size 55.04 54.03 0.13 
Reduced the number of meals eaten a day  54.64 53.36 0.14 
Note: The p-value column refers to the test of equality of outcomes among Food Secure 
(No=0) and Food Insecure (Yes=1) households. 

 
 
Table A3. Model parameters 

Model Parameter tuning 
OLS No tuning.  
BLogit Binomial family. 1000 iterations. Random 

selection of regressors from 2 to max. 
RF Mtry=(3,…,10), minimum node size=(2,…,8), 

100 trees for each iteration. 
XGB N rounds=(50,…,300), max depth=(1,…,10), 

Column sample by tree=0.8, eta=(0.01,…,0.2) 
ANN Decay=(0.1,…,0.5), size=(1,…,7) 
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Table A4. Predicting binary measures of food insecurity (without balancing classes) 
 

A. Predicting binary responses using 2010-11, 2012-13, and 2015-16 surveys only 
  Model validation Model testing (on 20% held out sample) 

Response model Accuracy Kappa Accuracy Accuracy SD Kappa Kappa SD Sensitivity Specificity 

Less preferred Logit 0.771 0.330 0.781 0.010 0.355 0.045 0.916 0.397 

 RF 0.767 0.306 0.785 0.021 0.332 0.061 0.942 0.336 

 XGB 0.765 0.298 0.782 0.014 0.327 0.036 0.939 0.336 

 ANN 0.747 0.304 0.774 0.012 0.331 0.032 0.914 0.376 

Limit variety Logit 0.822 0.276 0.818 0.015 0.242 0.057 0.949 0.244 

 RF 0.830 0.286 0.830 0.016 0.245 0.068 0.970 0.213 

 XGB 0.825 0.297 0.829 0.009 0.206 0.054 0.979 0.169 

 ANN 0.798 0.239 0.838 0.009 0.314 0.031 0.965 0.281 

Limit portion Logit 0.878 0.245 0.882 0.012 0.000 0.076 1.000 0.000 

 RF 0.885 0.240 0.885 0.009 0.178 0.063 0.986 0.133 

 XGB 0.885 0.261 0.883 0.006 0.237 0.055 0.974 0.200 

 ANN 0.872 0.242 0.883 0.008 0.220 0.035 0.977 0.181 

Reduce meals Logit 0.906 0.113 0.914 0.008 0.000 0.064 1.000 0.000 

 RF 0.913 0.139 0.918 0.006 0.127 0.051 0.998 0.078 

 XGB 0.910 0.169 0.915 0.006 0.023 0.070 1.000 0.013 

 ANN 0.904 0.214 0.908 0.007 0.116 0.033 0.985 0.091 

          

B. Predicting binary responses of 2018-19 using earlier survey rounds 
  Model validation Model testing (2018-19 as out-of-sample) 

Response model Accuracy Kappa Accuracy Accuracy SD Kappa Kappa SD Sensitivity Specificity 

Less preferred Logit 0.777 0.358 0.693 0.017 0.145 0.051 0.930 0.190 

 RF 0.782 0.356 0.703 0.013 0.221 0.042 0.894 0.300 

 XGB 0.773 0.340 0.700 0.019 0.152 0.055 0.947 0.177 

 ANN 0.760 0.338 0.676 0.011 0.053 0.025 0.954 0.087 

Limit variety Logit 0.822 0.274 0.610 0.010 0.093 0.048 0.973 0.109 

 RF 0.831 0.295 0.644 0.016 0.190 0.065 0.956 0.215 

 XGB 0.823 0.288 0.614 0.014 0.104 0.060 0.973 0.119 

 ANN 0.807 0.263 0.609 0.010 0.097 0.029 0.959 0.127 

Limit portion Logit 0.884 0.280 0.619 0.008 -0.004 0.048 0.982 0.015 

 RF 0.889 0.278 0.642 0.006 0.067 0.060 0.987 0.068 

 XGB 0.889 0.307 0.624 0.010 0.010 0.055 0.984 0.024 

 ANN 0.875 0.257 0.643 0.006 0.069 0.030 0.987 0.070 

Reduce meals Logit 0.907 0.167 0.763 0.009 0.000 0.063 1.000 0.000 

 RF 0.916 0.159 0.768 0.007 0.035 0.068 0.999 0.024 

 XGB 0.909 0.177 0.769 0.006 0.044 0.053 0.998 0.031 

 ANN 0.902 0.185 0.761 0.007 0.006 0.040 0.994 0.010 
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Figure 1A. Mean Experience-Based Food Security Measures by year and LGA. Darker shades of 
red indicate higher LGA food insecurity.  
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Figure 2A. Median FCS scores by year and LGA. Greener shades indicate higher LGA food 
security. Darker shades of purple indicate higher LGA food insecurity.  
 


